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Abstract. Quantifying the strength of competition and understanding how it translates into consequenc-
es at the community level are among the key aims of plant ecology. Neighborhood analysis based on the
neighborhood competition index has been widely used to estimate species-specific competition coefficients
in tree communities. These estimates, however, could not be estimated for rare species with small sample
sizes using the conventional species-by-species approach. Here, we develop a new modeling framework
for neighborhood analysis in which the competition coefficient is assumed to have a hierarchical parame-
ter structure. Using actual tree census data consisting of 38 species, we demonstrate that the hierarchical
model enables us to estimate competition coefficients for all species, including rare ones, within a commu-
nity. The hierarchical models were selected over the models based on the species-by-species approach as
a result of model selection, in either cases where we assumed the competitive strength is determined by
niche difference or competitive ability difference. Our results suggest that the hierarchical approaches can
serve as a useful alternative to species-by-species approach for estimating competition coefficients in tree

communities.
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INTRODUCTION

Quantifying the strength of competition and
understanding how it translates into consequenc-
es at the community level are among the central
challenges in plant ecology (Freckleton et al.
2009). In tree communities, competition strength
has often been quantified by means of neighbor-
hood analysis based on the neighborhood com-
petition index (NCI) (Canham et al. 2004, Uriarte
et al. 20044, b). Neighborhood analysis is built
upon a statistical model in which the strength
of tree competition is expressed as a function of
species identity, stem size, and spatial configura-
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tion of individuals. The distinct feature of NCI is
that it incorporates a species-specific competition
coefficient A, that multiplies the per-capita influ-
ence of a neighboring tree on a target tree (Can-
ham et al. 2006). This feature allows empirical
estimation of competition strength between the
target tree of species x and the neighboring tree
of species y. Estimation of A provides a basis to
understand the role of tree competition in some
of the important ecological issues, including the
processes driving functional and phylogenetic
diversity (Uriarte et al. 2010, Kunstler et al. 2012,
Lasky et al. 2014) and forest dynamics under cli-
mate change (Gémez-Aparicio et al. 2011).
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In previous neighborhood analyses, the com-
petition coefficients Ay, of each combination of
species ([x, y] =[1, 1], [1, 2], ..., [n, n]) have been
estimated separately using each pairwise inter-
action found in a data set (e.g.,, Canham et al.
2004, 2006, Uriarte et al. 20044, b, 2010, Coates
et al. 2009, 2013, Baribault and Kobe 2012, Das
2012). Under this species-by-species approach,
however, target species have often been restrict-
ed to major species with sufficiently large sample
sizes. That is, rare species with sample sizes less
than a prospectively defined threshold have been
discarded from analyses (e.g., Gdmez-Aparicio
et al. 2011, Das 2012) or pooled into groups (e.g.,
Uriarte et al. 2004b, Coates et al. 2013). Estimation
of A, in species-rich communities has been es-
pecia%ly difficult, because the number of possible
pairwise combinations increases in proportion to
the square of the number of component species,
making the collection of adequate sample sizes
for all the combinations intractable.

In this study, we use a hierarchical Bayesian
approach to deal with this issue. A hierarchical
approach enables independent estimation of the
species-specific parameters, while taking into ac-
count the mean and variance of a common distri-
bution that is shared across the entire community
(Royle and Dorazio 2008). This advantage leads
to a more efficient modeling framework that does
not require a priori pooling of species and allows
for the inclusion of rare species in the analysis
while properly accounting for their differences in
sample size (Zipkin et al. 2009, Comita et al. 2010,
Yamaura et al. 2011). The hierarchical approach
is by no means a way to derive more “precise”
estimations of A, compared to the species-by-
species approach,%aut may contribute to effective-
ly draw out information from a given data set by
imposing appropriate constraints to the model.

Here, we develop a hierarchical modeling frame-
work for neighborhood analysis to estimate com-
petition coefficients A,,. We build multiple models
in each of which the competitive strength is deter-
mined by niche overlap between species (i.e., com-
petition driven by limiting similarity; MacArthur
and Levins 1967), competitive ability difference
among species (i.e., competitive hierarchy; Gold-
berg and Landa 1991), or is independent of spe-
cies identity (i.e., neutral; Goldberg and Werner
1983). Our specific objectives were to first examine
whether the competitive strength of all combina-
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tions of species can be estimated by adopting a hi-
erarchical structure for the competition coefficient
A, We then compare the hierarchical community
models with the conventional species-by-species
models based on model selection.

METHODS

We first describe the model structure and
subsequently apply it to an actual field data
set. We examine seven candidate models defined
by the combinations of the types of competition
(neutral, limiting similarity, and competitive
hierarchy) and parameter structures (species-
by-species and hierarchical community). We
build these models by modifying our previous
neighborhood model (Tatsumi et al. 2013) in
which we focused only on competitive hierarchy
and examined competitive effect but not com-
petitive response (see below for the definitions
of competitive effect and response). Our models
require the use of tree census data in which
the diameters at breast height (DBH) of mapped
trees within a research plot(s) are measured
repeatedly.

Statistical models

To estimate the species-specific competition
coefficients, we developed neighborhood models
in which the relative DBH growth rate is ex-
pressed as a function of the target tree’s DBH
and competition from neighbors. We used DBH
growth rate as the response variable because
the majority of previous NCI analyses have
used this demographic parameter as a measure
of competitive outcome (e.g., Baribault and Kobe
2012, Das 2012, Coates et al. 2013). DBH growth
rate was defined as the difference in DBH be-
tween consecutive measurements. Based on the
frequency distribution of DBH growth rate
(Appendix S1), we assumed that the natural
logarithm of DBH growth rate of target tree i
of species s in plot p (Gjgpy €cm) would follow
a normal distribution:

m(cisp) ~N [ln (5,-sp>, 61] (1)

where Eisp is the expected DBH growth rate
(cm) of target tree i of species s in plot p and
0, is the variance.
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We used the Gompertz growth function
(Gompertz 1825, Zeide 1993) to express the ef-
fects of the target tree’s DBH and competition
from neighbors on the relative DBH growth rate:

G.
In = ocgo] + “E]D fﬁ; - NCIiSP Wy @

[£]
Disp TiSP

where Dgl is the DBH (cm) of target tree i of spe-
cies s in plot p (the superscript [t] stands for tar-
get), Ty, is the number of years between consec-
utive measurements NCI, isp 1 the neighborhood
competition index for target tree i of species s
in plot p (described in detail below), ol” and al!!
are parameters for species s, and i, is a random
parameter for plot p. The random parametery

can be excluded when the data were collected
in a single plot. The parameters ol and ol were
estimated using either a species-by-species ap-
proach or a hierarchical community approach.
For the former approach, the parameters were
expressed as follows:

~N (0, 10000, o' U~ N (0,10000) (3)

wherex =1, 2, ..., n. Here, the parameters (x[o] and
ol were estimated individually for n studied
species on the assumption that species-specific
responses of growth rate to DBH are indepen-
dent of one another. For the hierarchical commu-
nity approach, the parameters were expressed as

follows:

ol N(&O, o, ) Gy~ N'(0,10000) )

o~ A (&1, o5 ) &, ~ N'(0,10000)

wherex =1, 2, ..., n; and 0, and 0, are variances
for the parameters oc[o] and oY, respectively. Here,
the parameters ol and ol'! were estimated indi-
vidually for each species but drawn from com-
mon distributions with hyperparameters &, and
&, respectively.

By modifying the functional form of NCI step
by step, we tested different hypotheses concern-
ing the competition coefficient Ay We used an
index developed by Canham et al. (2004) and
Uriarte et al. (20044, b) as a basis for all NCI equa-
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tions. This index expresses the total competitive
effects on a target tree as a summation of the
effects of individual neighboring trees. Neigh-
boring trees were defined as those individuals
located within 10 m of a target tree based on
previous findings that the competitive effect of
neighbors beyond this distance is negligible (e.g.,
Thorpe et al. 2010, Tatsumi and Owari 2013) (this
assumption was also confirmed by our analyses;
see Results). Trees within 10 m of the plot bound-
ary were defined to act as neighbors but not as
target trees to avoid edge effects.

The simplest hypothesis we tested assumed
that the competition strength between a target
tree and a neighbor is independent of their spe-
cies identities (i.e., neutral; Goldberg and Werner
1983) and determined by their DBH and the dis-
tance between them:

NCI,,, =hexp (B,DL)) ; exp [B,log (D" ) +psM)| (5)

where D[ | is the DBH (cm) of target tree 7 of spe-
cies s in plot 1 D]["] is the DBH (cm) of neighbor-
ing tree j (the superscript [n] stands for neighbor);
M is the distance (m) between the target tree and
neighboring tree j; and A, 3, ,, and B, are pa-
rameters. The prior distribution of the logarithm
of parameter A was defined as a noninformative
normal distribution: In(A) ~ N'(0, 10000). We refer
to Eq. 5 as the “neutral NCI.”

Next, we tested whether the competition
strength between a target tree and a neighbor
would vary by the pairwise combination of their
species identities. The rationale for this hypoth-
esis is that the strength of competition between
two species is potentially determined by their
niche similarity (MacArthur and Levins 1967,
Kunstler et al. 2012). We tested this hypothesis by

incorporating a parameter 7\5[2_ (the superscript [/]
stands for limiting similarity) into the model:

NCII’SP = exp(ﬁlD,ng) ; }\S[g’exp[ﬁzlog<D}nJ) + ﬁ3Mj] (6)

where, S is the identification code for the species
identity of neighboring tree j (S =11, 2, ..., n]).
Here, the per-capita effect of nelghbormg tree j
of species §; on target tree i of species s is mul-

tiplied by the competition coefficient 7»[] The
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magnitude of )\S[lg represents the competition

strength between species s and S i The coefficient
was defined to take an equal value umder Fﬂe same
combination of subscripts (e.g., A;;=A4,7). This
definition reflects the assumption that the com-
petition strength is driven by the niche similarity
of a given pair of species, irrespective of which
individual is the target tree or the neighbor. We
refer to Eq. 6 as the ”1imitingl imilarity NCL”
The competition coefficients 7‘5[5. were estimated
using either a species-by-species approach or a
hierarchical community approach. For the for-
mer approach, the coefficients were expressed as

follows:
1n<)»,[cg) ~ N(0,10000) )

where [x, y] = [1, 1], [1, 2], ..., [n, n]. For the hi-
erarchical community approach, the coefficients
were expressed as follows:

In(2413) ~ A" [In(3,) 4], In(3;) ~ N0, 10000) (8

where [x, y] = [1, 1], [1, 2], ..., [n, n]; A, is a hy-
perparameter (the subscript [ stands for limiting
similamﬁ/); and o, is the variance for the coeffi-
cient Ay ;.

Finally, we tested whether the competition
strength is determined by the positions of species
on a hierarchy of competitive ability (Goldberg
and Landa 1991, Kunstler et al. 2012). Compet-
itive ability can be divided into competitive ef-
fect and response, where the competitive effect is
the ability to suppress other individuals and the
competitive response is the ability to avoid being
suppressed (sensu Goldberg and Landa 1991).
We tested this hypothesis by incorporating pa-
rameters x[;] (the superscript [e] stands for effect)
and }»E] (the superscript [r] stands for response)
into the model:

1"y [r] [t]
NCIY, =exp (B, ) o)

> Wlexp [Bylog (DI )+ ;M|
]

Here, the competition coefficients, kl;l and %L”,

determine the interspecific difference in the com-
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petitive effect and response, respectively. The
magnitude of 7»[;] represents the strength of the
competitive effect of neighboring tree j of spe-
cies S.. Larger 7»[;] indicates stronger competitive
effect. The magnitude of Al represents the sus-
ceptibility of target tree i of species s to competi-
tion. Larger A" indicates higher susceptibility to
competition. We refer to Eq. 9 as the “competitive
hierarchy NCI.” The competition coefficients, 7»[56_1
and A", were estimated using either a species-by"
species approach or a hierarchical community
approach. For the former approach, the coeffi-
cients were expressed as follows:

AT =", In(Al") ~ A(0, 10000)

(10)
In(24) ~ A'(0,10000), In(2!") ~ N'(0, 10000)

wherex=2,3, ..., m,y=2,3, ..., n. Here, param-
eters A" and A" (i.e., competitive effect and re-
sponse of ‘species 1') were defined to take the
same value so that parameters Xg] and A" could
be distinguished in the paraméter estimation
process. This definition does not impose any
constraint to the model but was required be-
cause the both parameters A% and A" in Eq. 9 are
multiplication coefficients. For example, when
A%l =100, they can be estimated A =21"=10
given the above definition. Without it, they can
take any combination of values (e.g., 7»[1"] =1and
A=100; 2l =20 and A" =5). Parameters A and
}\3] for the rest of the species (x, y > 2) are deter-
mined as values relative to Al and Al". Note that
parameters AL and \!"! for the rest of the sFecies
does not have to take a same value (e.g., A Tand
A does not have to be equal).

For the hierarchical community approach, the
coefficients were expressed as follows:

e
2

() ~ N (R 05) (47 ~ N () (1D

In( %) ~ (0, 10000)

where, x=1,2, .., m,y=1,2,..., 1 M, is a hyper-
parameter (the subscript h stands for hierarchical
competition); and o5 and o, are the variances for
the coefficients Al and XL”, respectively. Here, Al
and XL” were defined to take the identical mean
value A, so that they could be distinguished in
the parameter estimation process. See Appendix
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S2 for the prior distributions of the parameters
P1—B3 01-04 and %-

Parameter estimation and model selection

We fitted seven candidate models (Table 1)
defined by the combinations of NCI types
(“without NCL” “neutral NCL"” “limiting sim-
ilarity NCL” and “competitive hierarchy NCI”)
and parameter structures (“species-by-species”
and “hierarchical community”) to the data. Here,
models 1 and 2 (models without NCI) are
models in which NCI of Eq. 2 were set to
zero. The posterior distributions of the param-
eters were estimated using the Markov chain
Monte Carlo (MCMC) method implemented by
the OpenBUGS 3.2.2 (Lunn et al. 2009) via the
‘R20penBUGS’ package (Sturtz et al. 2005) in
R 3.1.0 (R Core Team, 2014). For each model,
we obtained posterior samples using three in-
dependent MCMC samplings, in each of which
400 values were sampled at a 200-step interval
after a burn-in period of 2000 MCMC steps.
We judged that the MCMC calculation had
converged when the R values for all parameters
within a model were <1.1 (Gelman et al. 2013).
In our preillmmary analyses of model 4, pa-
rameter 7» did not converge (R > 1.1) for some
of the spec1es pairs. Therefore, for model 4, we
gradually grouped these species-pairs into other
species-pairs in order of increasing sample size
until parameters A converged for all species-
pairs. We used the deviance information cri-
terion (DIC; Spiegelhalter et al. 2002) for model
selection. The model with lower DIC was con-
sidered better in pairwise comparisons.

Model application

We applied the models to tree census data
collected in 17 permanent plots (0.22-0.53 ha)
located in a cool-temperate forest of northern
Japan. The forest mainly consists of mixed co-
nifer-broadleaf stands with evergreen conifer
and deciduous broadleaved species. We used
DBH data (=5.0 cm DBH) collected in the period
1998-2012 at 4- or 5-yr intervals. The plots
contained 38 tree species in total. The observed
ranges of DBH, tree density, and stand basal
area (BA) were 5.0-95.8 cm, 553.8-2129.1 trees/
ha, and 29.9-55.5 m?%ha, respectively. See
Appendix S3 for details of the study site and
data.
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RESULTS

The MCMC calculation converged suffi-
ciently (R < 1.1) for models 1-3 and 5-7. In
model 3, which used the neutral NCI, the
estimated value of A ranged from 0.005 to
0.015, with a mean of 0.009 (Fig. la). For
model 4, which used limiting similarity NCI
and the species-by-species approach, the cal-
culation converged when all data other than
the species-pair with the largest sample size
were pooled into otﬁr species-pairs. That is,
only two values of A;; could be estimated in
model 4 (Fig. 1b). On the other hand, model
5, which used the hierarchical co[r?munity
approach, allowed us to estimate A;; for all
combination of species-pairs found in the data
set (535 species-pairs; note that the maximum
possible number of pairs was 741 [38 + ,C,]
but the sample sizes for 206 pairs were zero).
Among these 535 species-pairs, 10 had 95%
credible intervals (CI) that did not overlap
the mean value of the community-level hy-
perparameter A; (Fig. 1c).

A large difference in parameter estimates was
observed between the two models that used the
competitive hierarchy NCI (models 6 and 7). The
estimates of Al!and A\ approached zero for mod-
el 6, which used the species-by-species approach
(Fig. 1d, e), whereas those for model 7, which
used the hierarchical community approach, did
not (Fig. 1f, g). Among the 38 species studied, the
95% CI of ! for four species (Fig. 1f) and that of
7»[” for three species (Fig. 1g) did not overlap the
mean value of the hyperparameter ;. Under the
hierarchical community approach, the estimates
of rare species and rare species-pairs remained
in the vicinity of group averages (Fig. 1c, f, g),
reflecting their small sample sizes.

Models 5 and 7, which used the hierarchical
community approach to estimate the competi-
tion coefficients, had the two smallest DIC val-
ues. This was followed in rank order by model
3, which assumed no interspecific differences,
and models 4 and 6, which used the species-by-
species approach (Table 1). The result that the
limiting similarity model (model 5) and the com-
petitive hierarchy model (model 7) were selected
over the neutral model (model 3) indicates that
the species identities of individuals affect the
outcome of competition in our study site.
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Table 1. Definitions, descriptions, and the deviance information criteria (DIC) of candidate models.
Definitions
Method used Type of Method used
to estimate neighborhood to estimate
Model Equation parameters o competition competition
number  numbers and o index (NCI) coefficient A Model description DIC}
1 2 and 3 Species-by- Without NCI  n.a. Intercept al”! and slope parameter ol!l 9177
species are estimated using the species-by-
species approach.
2 2 and 4 Hierarchical Without NCI n.a. Same with model 1 except that the 9164
community parameters are estimated using the
hierarchical community approach.
3 2,4, and 5 Hierarchical Neutral No interspe- Competition strength between target 8999
community cific trees and neighbors is independent
difference of their species identities. The
strength of competition is deter-
mined by competition coefficient A.
4 2,4,6,and 7 Hierarchical Limiting Species-by- Competition strength is driven by the 9015
community similarity species extent of niche overlaﬁ between two
species. Coefficient A, , determines
the strength of competmon between
species x and y, and is estimated for
each species-pair ([x, y] [1,1],[1,
2], ..., [n, n]). The species-by- spectﬁs
approach is used for estimating A;
5 2,4,6,and 8 Hierarchical Limiting Hierarchical Same with model 4 except that }\[ 8757
community similarity community estimated using the hierarchica
community approach.
6 2,4,9,and 10 Hierarchical Competitive Species-by- Competition strength is driven by the 9164
community hierarchy species difference in competitive abili
among species. Coefficients AT and
?\ determine the magnitude of
competltlve effect and response,
respectively. Coefficient A)
represents the strength of ‘the
competitive effect of ne1ghbormg
trees of species x. Coefficient A, o
represents the response of target
trees of species y to competition.
The two coefficients are estimated
for each species (x=1,2, ..., m;y =1,
2, ..., n) The species-by- spec1es
approach is used for estimating A’
and )\
7 2,4,9,and 11  Hierarchical Competitive Hierarchical Same w1th model 4 except that AL 8921
commu- hierarchy community and A" are estimated using
nity the hierarchical community

approach.

+ The models with smallest and second smallest DIC values are indicated in bold and italic, respectively.

The magnitude of NCI was significantly af-
fected by target and neighbor DBH values and
by the distances between targets and neighbors
(Fig. 2). For example, parameter estimates of the
best model (model 5) (Appendix S4) showed that
the per-capita competition strength a tree with
a 5.0-cm DBH receives was 20.6-fold greater
than that of a tree with a 95-cm DBH receives
(Fig. 2a). The competitive effect of a neighbor
with a 95-cm DBH was 48.0-fold greater than
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that of a neighbor with a 5-cm DBH (Fig. 2b).
A neighbor located 0.1 m from a target tree had
21.9-fold greater effect than a neighbor located
10 m away (Fig. 2¢). Neighbors within a 10-m ra-
dius exerted the great majority of competitive ef-
fect, providing support for our use of this radius
size in the analyses.

The BUGS codes for models with the two
smallest DIC values (models 5 and 7) are provid-
ed as Supplement S1.
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Fig. 1. Estimates of competition coefficients for models 3-7. See Table 1 for definitions of the models. The
horizontal axes show the rank order of species or species-pairs based on sample sizes. Horizontal bars in panels
¢, f, and g indicate mean values of the community-level hyperparameters. Circles and vertical bars are mean
values and 95% credible intervals (CI) of the posterior distributions, respectively. The red filled circles and red
vertical bars in panels ¢, f, and g show that the 95% CI of the posterior distributions do not overlap the mean
value of the hyperparameter. (a) Estimate of competition coefficient A for the neutral NCI model; there is only
one value because the coefficient A was defined to be equal among tree species. (b) Estimates of Al/l for the
limiting similarity NCI model using species-by-species approach; only two values are provided because the
calculation converged when all data other than the species-pair with the largest sample size were pooled into
other species-pairs. (c) Estimates of Al (535 species-pairs) for the limiting similarity NCI model using hierarchical
community approach. (d and e) Estimates of Al) and A"l (38 species), respectively, for the competitive hierarchy
NCI model using species-by-species approach. (f and g) Estimates of A and A" (38 species), respectively, for the
competitive hierarchy NCI model using hierarchical community approach.

DiscussioN (model 4; Fig. 1b). In contrast, the hierarchical
community approach allowed us to estimate
competition coefficients for all species-pairs in-

cluding rare ones (model 5; Fig. 1c). For the

Our method offers a new framework for ef-
ficiently estimating the strengths of competitive

interactions in tree communities. Previous neigh-
borhood analyses based on conventional species-
by-species approach had limited ability in
estimating competition coefficients of rare spe-
cies with small sample sizes (e.g., Uriarte et al.
2004b, Gémez-Aparicio et al. 2011, Das 2012,
Coates et al. 2013). Such limitation was also
observed in our analyses based on the species-
by-species approach; coefficients of only two
of the 535 species-pairs were estimated suc-
cessfully under the limiting similarity NCI

ECOSPHERE « www.esajournals.org 7

competitive hierarchy NCI, the species-by-
species approach failed to detect competitive
interactions (model 6; Fig. 1d, e), whereas the
hierarchical community approach detected con-
siderable interactions (model 7; Fig. 1f, g).
Moreover, the hierarchical community models
were selected over the species-by-species models
as a result of model selection, in either cases
of limiting similarity NCI and competitive hi-
erarchy NCI (Table 1). The hierarchical com-
munity approach simultaneously estimates
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Fig. 2. The effects of (a) target tree DBH, (b) neighboring tree DBH, and (c) the distance between the target
tree and the neighboring tree on competition strength. Each panel shows how the relative strength of competition
changes in response to the value of the variable on the x-axis when the values of the other two variables were
held constant. The three panels correspond to the three terms in Eq. 6: (a) exp (ﬁlD[t] ), (b) (D["])BZ, and (c)
exp (B3M). The model with the smallest deviance information criterion value (model 5, see Table 1) and its
parameter estimates (Appendix S4) were used for predictions. Red lines and shaded areas represent the mean

values and 95% credible intervals, respectively.

species-specific parameters and the hyperpa-
rameter that constrains their variance (Royle
and Dorazio 2008). The present analyses suc-
cessfully demonstrate an example that imposing
such constraints can allow us to estimate the
competition coefficients for all species and
species-pairs and may contribute to the overall
model. This result, however, does not necessarily
indicate that the hierarchical approach yields
more “precise” estimates than the species-by-
species approach, as is clear from the estimates
of rare species and species-pairs being drawn
toward the mean value of the hyperparameter
(Fig. 1c, f, g). Large sample size and models
with minimum constraints are always preferable.
Nevertheless, our results suggest that, at least
in some cases, the hierarchical approach can
serve as a useful alternative to species-by-species
approach for estimating competition coefficients
under a given data.

Our modeling framework also has a potential
as a tool for testing different hypotheses about
competition and its consequence in species co-
existence. In this study, we developed multiple
models that each assumes different competition
mechanisms: neutral (Goldberg and Werner
1983), limiting similarity (MacArthur and Levins
1967), and competitive hierarchy (Goldberg and
Landa 1991). As a result of model selection, the
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limiting similarity model and the competitive hi-
erarchy model using the hierarchical community
approach (models 5 and 7) were selected over
the neutral model (model 3) (Table 1). This indi-
cates that not only the stem size and spatial con-
figuration of trees (Fig. 2) but also their species
identity affects the outcome of individual-level
competition in our study site. Moreover, in the
coexistence theory proposed by Chesson (2000),
competition driven by limiting similarity fosters
diversity by making species to have higher pop-
ulation growth rates when rare than common,
whereas competitive hierarchy among species
causes competitive exclusion of inferior species
and limits coexistence (Adler et al. 2007, Hille
RisLambers et al. 2012). Our result that the lim-
iting similarity model (model 5) was selected as
the best model (Table 1) thus indicates that com-
petition plays an important role in promoting co-
existence in our study site, and this may partly
explain the relatively high species richness.

The findings from this study, however, should
be generalized carefully. In our analyses, the
species-by-species approach could only estimate
competition coefficients for 2 of 535 species-pairs
under the limiting similarity NCI (Fig. 1b) and
could not detect competitive interactions under
the competitive hierarchy NCI (Fig. 1d, e). How-
ever, previous neighborhood analyses that used

March 2016 < Volume 7(3) «¢ Article e01273



the same approach, but mostly larger data set
than ours, were able to quantify several tens of
pairwise interactions which significantly differed
from zero (e.g., Uriarte et al. 20044, Canham et al.
2006, Coates et al. 2009, 2013). This indicates that
whether it is more appropriate to adopt the hi-
erarchical community approach or the less con-
strained, species-by-species approach depends
on the quantity and quality of a given data.
Therefore, the extent to which the sample size
as well as forest attributes (e.g., species richness,
spatial distribution of individuals) affect the out-
come the two approaches needs to be examined
in future studies. Moreover, further researches
using multiple measures of model selection are
required, given the potential instabilities in DIC
(Gelman and Hill 2006) which was used in this
study. Finally, while the present study tested
the three competition mechanisms (i.e., neutral,
limiting similarity, and competitive hierarchy)
separately given the computational simplicity,
these mechanisms are known to act simultane-
ously in regulating community dynamics (Lasky
et al. 2014). Quantifying their relative impor-
tance through modifications of the current model
could further improve our understanding of tree
competition and its consequences in community
dynamics.
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